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Abstract 
The necessity for a politician to actively engage via social media increases with each passing election. The 
come-from-behind primary victory and the ultimate election of President Obama in 2008 are often 
partially attributed to the campaign’s social media prowess. Anecdotal evidence abounds regarding the 
negative effects of politician’s usage of social media, for example congressman Anthony Weiner in 2011. 
However, contemporary recommendations towards successful campaigning via social media are generally 
limited to anecdotal success stories and top ten lists. This research addresses this gap by capturing over 6 
million social media messages and weekly statistics from over 1,300 official campaign accounts from 
September through November during the 2014 U.S. general election. Non-parametric analyses empirically 
establish many key performance indicators related to social network size, churn and various messaging 
activities. Although this exploratory investigation does not address causality, we contribute by producing 
empirically validated KPIs and their associations with election outcomes. 
Keywords 
Social media, e-government, political campaigning. 
Introduction 
Following the 2008 U.S. Presidential campaign, incorporating Web 2.0 technologies like social media in 
campaigns is generally regarded as a necessity. A recent survey by Pew Research Center indicates that 
16% (up from 6% in 2010) of all registered voters follow candidates on social media (Smith, 2014). As 
elections are a fundamental function of representative governments and voting is often described as a 
duty of the citizenry (DHS, 2015; CIC, 2015), it is imperative to ascertain the impact of social media on 
this process.  
Anecdotal evidence abounds regarding the negative impacts of social media for politicians. For example, 
the now infamous Anthony Weiner Twitter postings that led to his resignation from the U.S. Congress 
(Hernandez, 2011), questions about the legitimacy of the number of followers for Newt Gingrich’s Twitter 
account (Cook, 2011) and the 2010 resignation of a Scottish Labour Party candidate due to his social 
media postings (Drury, 2010). However, when responding to questions of how to successfully utilize social 
media, recommendations consist largely of top 10 lists (Kaplan & Haenlein, 2010) and anecdotal 
examples of single-instance success (Carr, 2008).  
Research indicates that social media usage can be used to predict election outcomes with accuracy 
approaching that of traditional polling (Tumasjan, Sprenger, Sandner & Welpe, 2010). However, we feel 
that this only partially unveils the complex relationships. Successful social media usage is exemplified by 
more than sending numerous messages or increasing the size of your social network. Bandari, Asur and 
Huberman (2012) identified that source, author, category and subjectivity of messages are inherently 
important for predicting the popularity of news articles in social networks. Additionally, measures 
associated with message content are often acquired via text mining and analytics so as to determine 
sentiment and topical trends among contributors (Shook, Leetaru, Cao, Padmanabhan & Wang, 2012). 
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However, these measures still do not provide a full detailing of the impacts of the communication channel 
or address the many questions identified by an MIS Quarterly article investigating the impacts of Web 2.0 
technologies on the 2008 U.S. Presidential campaign (Wattal, Schuff, Mandviwalla & Williams, 2010). 
The unresolved questions from that article relate to identifying specific attributes of the IT artifact with 
the most influence and importance as well as how citizens may leverage technology to enhance their 
informed choices and participate in the political process. 
A blue ocean approach compels us to extend our research beyond the current status quo so as to identify 
metrics not previously utilized. In short, we will investigate the following question from an empirical 
perspective: what are the key performance indicators of social media campaigns associated with 
successful outcomes? One fundamental gap in the literature is a contemporary focus on characteristics of 
the message itself, for example: sentiment (Tumasjan, et al., 2010), subjectivity (Bandari et al., 2012), 
credibility (Kang, O’Donovan & Hollerer, 2012) and geo-spatial origin (Shook et al., 2012). However, in 
the domain of communication research, apart from the message, is the messenger. Shannon and Weaver’s 
(1949) seminal model of communication describes not only a message, but also a sender, a receiver and a 
transmission media. Thus, the focus of our blue ocean approach will be attributes of the mechanism 
specifically focusing upon metrics related to the network size such as gains, losses and churn as well as 
messaging metrics relating to entities communicating across the network. 
Literature Review 
Social web services in general and Twitter in particular have seen a great deal of contemporary research 
and academic activity. This interest has extended into the political arena with many different inquiries 
and focal questions. Zuniga, Jung and Valenzuela (2012) reported a positive relationship between social 
media usage and civic engagement and political activity. Holt, Shehata, Stromback and Ljungberg (2013) 
documented that social media usage in younger participants acts as a leveler upon political activity when 
compared to older participants who typically consume political news via more traditional outlets. Zuniga, 
Molyneux and Zheng (2014) found similar results in a panel study conducted in the U.S. whereby prior 
social media usage significantly predicted later political participation. 
However, the usage of Twitter data has several challenges associated with it. The inherently short 
messages enforced by Twitter’s 140 character limit present difficulties for analytical techniques and also 
for assessing the credibility and reliability of results. This comprises the core of many of the inquiries 
related to message content. Ringsquandl and Petkovic (2013) analyzed Twitter messages, referred to as 
“tweets”, recorded at several points during the 2012 republican presidential primary. Their technique 
successfully demonstrated that identifying meronymic relationships specific to candidates and campaigns 
enhanced the efficacy of sentiment extraction and automated classification techniques. Additionally, 
questions of content credibility and reliability have seen recent investigation with significant success. In 
fact, a recent empirical investigation comparing competing models of credibility prediction achieved an 
accuracy of 88.17% compared to classification by human volunteers (Kang, O’Donovan & Hollerer, 2012).  
This brief discussion of content related research is intended to recognize that there are many inherent 
difficulties to utilizing user generated content (UGC). However, as previously mentioned the focus of this 
research is upon the IT artifact itself and deriving useful attributes about its usage. A similar, albeit much 
smaller, inquiry was performed using over 100,000 tweets collected prior to the 2009 German national 
parliamentary elections. Their research successfully associated the sheer number of tweets to the election 
results with an accuracy approaching that of traditional polling mechanisms (Tumasjan et al., 2010). 
However, the usage of a single metric creates a very myopic perspective of successful utilization. This is 
particularly poignant in that manipulation of social media message traffic is relatively easy to accomplish 
and has even been given its own term, astroturfing as opposed to organic grassroots message traffic. 
Research into this phenomenon has lead to the development of tools to detect and map just such 
occurrences (Ratkiewicz, Conover, Meiss, Goncalves, Patil, Flammini & Menczer, 2011). 
The concept of robust measurement dictates that we assess social media success as a multi-dimensional 
construct. This will insulate conclusions from manipulation of single-dimensional measures such as 
politicians purchasing social network followers (Cook, 2011) or astroturfing (Lee, Tamilarasan & Caverlee, 
2013). Melnyk, Steward and Swink (2004) provide a thorough discussion regarding the importance and 
necessity of metric related research in an introductory essay for a special issue of the Journal of 
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Operations Management. This builds upon the earlier discussion of metrics in strategic decision making 
by Hauser and Katz (1998) who present a recursive relationship between metrics and organizational 
actions or decisions related to strategy. However, before we can determine KPIs associated with success, 
we first must define our perspective of success. 
Success has been described as “…companies live and die on information and the most successful 
companies are the ones who use their intangible assets better and faster” (Bontis, Dragonetti, Jacobsen & 
Roos, 1999, p. 392). The combination of a social media account’s usage and social network characteristics 
are intangible assets of varying value, and the successful employment of these intangible resources 
increases the likelihood of a successful outcome. However, the definition of success often has a 
perspectival component to it. Not every company is destined to be as large as Wal-Mart or have the 
market capitalization of Apple or Exxon Mobil, yet that does not preclude them from being successful. A 
continuum definition of success is pertinent to political campaigns as well. Although a candidate may lose 
a particular election, the outcome can still be successful if it serves the strategy of brand enhancement. 
Any inquiry into successful outcomes must account for this non-dichotomous nature. As such, in addition 
to winning and losing, we will also assess the relationships of all potential KPIs to a ratio value of the 
number of votes against the population of the administrative district, based upon the 2010 census.  
In order to select appropriate KPIs from social media streams, we refer to Actor network Theory (ANT) 
(Callon, 1986; Law, 1992) as a theoretical lens to guide the selections. ANT, as clarified later by Latour 
(1996), is predicated upon providing not just static measures of the network but also the underlying 
actions performed with the network. The recognition that social network structures are more than 
simplistic measures of network dimensions is central to ANT. The actions of the entities are just as 
important as a static, or even dynamic, network graph of strong and weak ties. This perspective of actors 
and actions guides our assessment of the capabilities of the Twitter Application Programming Interface 
(API). This allows us to identify appropriate characteristics by which the associations can be described 
from a gestalt perspective thereby eliciting indicators highly correlated with successful outcomes. 
Data Collection Description and Hypotheses Development 
Data collection via the Twitter APIs relied upon first identifying the official campaign Twitter account(s) 
for any candidate seeking election to the House of Representatives, Senate or Governor. Candidates were 
identified from the official lists provided by the Secretary of State websites for each of the 50 states that 
oversee the state's 2014 U.S. general election. The Twitter accounts were then identified either from the 
official candidate contact information for the campaigns, or via the candidate’s official website linking to a 
specific Twitter account. The data used for the outcome measures were collected from the same Secretary 
of State election portal’s certified general election results. 
As guided by ANT, we then investigated the Twitter API and selected appropriate characteristics for both 
the actors and actions. This API provides a large number of characteristics for several different object 
types that may be provided in response to an API call (Twitter, 2015). This research will primarily utilize 
the users and the tweets objects. The user object is the type associated with the actual campaign accounts 
for which we will collect various metrics. The tweet object is the type associated with actual messages; 
these messages can either be authored by the campaign accounts or by any of the millions of Twitter 
users. 
The characteristics associated with user API objects that are useful for this inquiry relate to each 
campaign account’s social network and its messages. User objects returned by the Twitter API provide a 
real-time number of both the number of followers as well as the number of friends associated with the 
queried user. Twitter uses a social network structure comprised of uni-directional ties. This is exemplified 
as such, User A follows User B. From the perspective of User A, User B will be in their friend network. 
From the perspective of User B, User A is in their follower network. A reciprocal tie may be established in 
which each account will be in both the friend and follower network for each account. However, this is not 
required. Particularly in the case of prominent figures such as politicians, bi-directional ties are 
infrequently established. 
However, as previously discussed, simple size statistics serve as a rudimentary measure of the intricacies 
of modern social networks. Fortunately, Twitter also provides a variety of additional APIs, known as the 
Representational State Transfer (REST) APIs that are useful for extracting additional information beyond 
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that provided in the base user objects. Specifically, we can query unique user identifiers for among other 
things, a listing of all unique user identifiers of the account’s friends and followers as a pair of 
independent collections. This provides us with not only the static size metrics of the social network, but a 
collection of unique identifiers for all entities within the social networks. These collections can then be 
compared over time to assess the churn among entities not otherwise ascertainable from simplistic size 
measures. 
This information can now be combined into six independent metrics associated with the size and changes 
within the social network: number of friends, number of followers, new friends, lost friends, new followers 
and lost followers. The combination of all six allow us the ability to ascertain if social network losses are 
being masked by social network size increases contaminated by purchasing friends and followers. The 
expectation is that increases in the two size metrics and the two metrics for new network members will be 
positively related to successful outcomes; however increases in the two metrics for lost network members 
will be negatively related to successful outcomes. 
H1a: Increases in the number of friends and followers for a campaign’s account are positively 
related to election outcomes. 
H1b: Lost friends and lost followers of a campaign’s account are negatively related to election 
outcomes. 
H1c: New friends and new followers of a campaign’s account are positively related to election 
outcomes. 
It is not enough for a candidate to simply amass a large social network, that network must be leveraged so 
as to affect successful outcomes. Therefore, it can be expected that successful outcomes will be associated 
with a candidate posting more messages, known as status updates, but also with an increase in messages 
from the general populace. These incoming messages will be collected via the Twitter Streaming API that 
will provide us any message that includes the candidate’s account name. These types of messages are 
known as mentions and are publicly viewable messages directed at targeted account names. We limit the 
data to these mentions so as to ensure the message target and audience which may otherwise inject 
biasing into the data if we apply a more liberal search filter.  
H2a: Increasing the volume of candidate status updates are positively related to election 
outcomes. 
H2b: Increases in the volume of mentions by constituents are positively related to election 
outcomes. 
However, as important as posting status updates is, the intended targets of the candidate’s outgoing 
messages are important as well. The tweet object provided by the Twitter API also includes a listing of all 
entities that are mentioned within the message. These mentions may be to anyone with a Twitter account, 
but it can be expected that through direct outreach to their social network members a candidate can 
positively engage and influence the constituent. We have already discussed the expected impact of the size 
of the social network upon election outcomes. However, we haven’t discussed methods for growing that 
size. It is through outreach and communication with external entities that a candidate can increase the 
size of their social network with the intent to ultimately acquire more votes. 
H3a: Increasing the volume of constituent mentions by candidates is positively related to 
election outcomes. 
H3b: Increasing the volume of candidate status updates will increase the social network size. 
Analysis & Results 
The dataset we use for this empirical inquiry was captured from the social media micro-blogging service 
Twitter. The data collection began on September 1, 2014 and concluded several weeks after the November 
4, 2014. We are limiting this inquiry to the data collected between September 1st and November 4th. This 
data consists of 6,222,844 individual messages directly related to 1,363 candidates’ official campaign 
accounts during the 2014 general election cycle. Additionally, we recorded individual campaign account 
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characteristics at weekly intervals for use in conjunction with the messaging data during this research. 
Where candidates maintained multiple accounts, the metrics are merged and redundancies eliminated. 
For data analysis we separate the larger statewide campaigns for senator and governor from the smaller 
campaigns for representative. The differences between these campaigns from an operational perspective 
as well as from a descriptive statistics perspective necessitate these categories. We also remove any 
accounts for candidates that withdrew from the race or did not appear on the general election ballots. This 
resulted in a final size of 842 campaign accounts for Representative and 169 campaign accounts for 
Senator and Governor. We test and report all relationships against both categories of campaign 
groupings. The overall descriptive statistics for both categories is shown below in Tables 1 and 2. 
Variable Mean Median StdDev Skewness Kurtosis 
Votes / Population 0.1197 0.1208 0.0661 0.03 -0.57 
Constituent Mentions Candidate 2,941.71 1,206.00 8,063.69 16.19 357.58 
Candidate Friends 1,368.70 613.5 2,560.02 6.31 59.06 
Candidate Followers 8,460.07 2,245.5 46,216.04 15.32 254.38 
Candidate Status Updates 166.14 94 281.22 7.26 80.79 
Gained Friends 75.27 9.0 454.69 20.30 492.29 
Lost Friends 37.12 1.0 316.59 16.49 313.18 
Gained Followers  380.91 175.5 1,584.42 12.28 166.20 
Lost Followers 133.05 46.5 507.20 12.63 187.30 
Candidate Mentions SN Member 26.43 9.5 66.20 9.94 141.15 
Table 1 - Descriptive Statistics (House of Representatives) (n = 842) 
Variable Mean Median StdDev Skewness Kurtosis 
Votes / Population 0.1017 0.1195 0.0710 -0.10 -0.97 
Constituent Mentions Candidate 14,450.30 4,039.00 29,644.08 4.24 23.41 
Candidate Friends 2,326.88 723.00 7,514.99 8.58 83.04 
Candidate Followers 24,975.57 3,752.00 122,460.33 10.78 126.19 
Candidate Status Updates 476.91 257.00 868.18 6.76 59.52 
Gained Friends 164.76 13.00 659.16 9.10 97.76 
Lost Friends 69.42 2.00 395.25 7.72 61.54 
Gained Followers 1,187.67 508.00 2,205.45 5.48 41.47 
Lost Followers 285.46 76.00 893.33 7.72 64.80 
Candidate Mentions SN Member 89.16 31.00 211.74 6.15 45.35 
Table 2 - Descriptive Statistics (Senators & Governors) (n = 169) 
The distributions of almost all of the variables exhibit extreme departures from normality. The notable 
exceptions are the distributions for the votes/population ratios for both categories. It is desirable from an 
interpretive perspective to retain the data in an untransformed state for this exploratory investigation. 
Therefore, we will conduct the analysis using non-parametric methods. However, for comparative 
purposes, a parametric correlation table of logarithmically transformed data is provided in Appendix A. 
Table 3 shows the bi-variate correlations using the non-parametric Spearman’s ρ which by utilizing ranks 
instead of means is less susceptible to negative impacts from outlier contamination and non-normal 
distributions (Spearman, 1904). 
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Variable (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) 
(1) Votes / 
Population 
 .63** .19** .64** .19* -.10 .05 .63** .59** .20* 
(2) Constituent 
Mentions 
Candidate 
.61**  .44** .81** .62** .21** .29** .93** .83** .60** 
(3) Candidate 
Friends 
.31** .47**  .56** .46 .41** .79** .47** .54** .45** 
(4) Candidate 
Followers 
.60** .80** .66**  .45** .09 .36** .90** .97** .45** 
(5) Candidate 
Status Updates 
.05 .31** .40** .25**  .46** .41** .56** .48** .88** 
(6) Gained 
Friends  
-.04 .13** .44** .13** .52**  .37** .25** .09 .47** 
(7) Lost Friends 
  
.09** .24** .73** .38** .36** .43**  .30** .38** .42** 
(8) Gained 
Followers  
.56** .81** .62** .88** .40** .30** .36**  .88** .56** 
(9) Lost 
Followers 
.57** .78** .63** .95** .27** .12** .41** .85**  .47** 
(10) Candidate 
Mentions SN 
Member 
.22** .49** .48** .45** .48** .56** .37** .58** .46**  
Table 3 - Correlations (Spearman's ρ) (* p < 0.05, ** p < 0.01) 
Representatives below the diagonal / Senators & Governors above the diagonal 
Using Table 3 we find significant positive correlations between both the number of friends and followers 
that a candidate’s account has when compared to the ratio value for votes/population. We will discuss the 
magnitude of these values in terms of Cohen’s standard of .10 - .29 for a small effect size, .30 - .49 for a 
medium effect size and greater than .50 for a large effect size (Cohen, 1992). This reveals a medium effect 
(.31) for friends and a large effect (.60) for followers for candidates for Representative while there is a 
small effect (.19) for friends and a large effect (.63) for followers for candidates for Senator and Governor, 
all with a positive valence. However, we also need to assess whether differences between those that were 
elected are significantly different from candidates that were not elected. The Wilcoxon-Mann-Whitney 
test is a well known method of assessing group population differences for a continuous dependent 
variable that is not normally distributed (Wilcoxon, 1945; Mann & Whiteney, 1947). Generally reported as 
a χ2 statistic and associated p-value for hypothesis testing against a null hypothesis of both samples being 
drawn from the same population. We utilized the election results (victory or defeat) as the nominal group 
identifier and the results are shown in Table 4. 
Variable Representatives Governors & Senators 
Mean Rank Score χ2 p > χ2 Mean Rank Score χ2 p > χ2 
H
1a
 
Candidate 
Friends 
Elected 507.191 111.039 <.0001 Elected 100.551 9.156 0.0025 
Not 
Elected 
330.968 Not 
Elected 
76.659 
Candidate 
Followers 
Elected 595.052 445.019 <.0001 Elected 122.186 52.3554 <.0001 
Not 
Elected 
242.264 Not 
Elected 
65.055 
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H
1b
 
Candidate 
Lost 
Friends 
Elected 440.957 7.093 0.0077 Elected 91.7034 1.773 .1831 
Not 
Elected 
397.837 Not 
Elected 
81.4045 
Candidate 
Lost 
Followers 
Elected 585.809 399.536 <.0001 Elected 118.909 43.079 <.0001 
Not 
Elected 
251.596 Not 
Elected 
66.909 
H
1c
 
Candidate 
Gained 
Friends 
Elected 403.312 3.8030 .0512 Elected 90.5455 4.0546 .0441 
Not 
Elected 
435.843 Not 
Elected 
74.6610 
Candidate 
Gained 
Followers 
Elected 578.941 367.0902 <.0001 Elected 117.220 39.3061 <.0001 
Not 
Elected 
258.941 Not 
Elected 
67.718 
Table 4 - Wilcoxon-Mann Whitney Results (H1a, H1b, H1c) 
The mean rank scores for all four group-pairs are higher for the elected candidates compared to the 
equivalent not-elected candidates, which indicate the median value is also higher. Given the higher 
median for all four group-pairs and the associated p-value is below the predetermined threshold (α = 
0.05); the results of all four cases support H1a. 
The correlation values for the losses across the candidates social networks compared to the 
votes/population ratio indicate a potentially interesting story that doesn't align with our expectations. The 
losses of friends do not have the expected negative valence and they also do not have a sizable effect. The 
very small effect (.09) for Representatives and the even smaller and statistically insignificant effect (.05) 
for Senators and Governors exhibit a practically insignificant relationship opposite from what H1b 
proposes. However, the relationship for losses of followers across the candidates social networks are much 
stronger (.57) for Representatives and (.59) for Senators and Governors albeit with the opposite direction 
compared to H1b.  
This indicates that the follower side of the social network is potentially much more important than the 
amount of friends that a candidate amasses. These relationships are confirmed via the Wilcoxon-Mann 
Whitney tests that indicate a small albeit significant difference in the amounts of lost friends for 
campaigns for Representative. However, it fails to reject the null hypotheses of no difference between the 
amounts of lost friends for elected or not-elected Senators and Governors. The loss in followers however 
indicates much stronger differences between candidates that were elected compared to those not-elected. 
Yet although we have identified significant differences, they are still in the opposite direction to and thus 
fail to support H1b. One potential explanation is that losing friends may be indicative of a vibrant and 
active social media campaign that would result in increased votes instead of simply indicating votes the 
candidate will not receive from those lost entities. 
Similar to the results for the H1b tests, the correlations for both Representatives (-.04) as well as for 
Governors and Senators (-.10) were practically and statistically insignificant although in this instance 
neither correlation is significant.  The Wilcoxon-Mann Whitney tests for differences between winning and 
losing candidates failed to find significant differences for the amount of gained friends for those 
campaigning for Representative. However a small positive relationship is indicated for those campaigning 
for Governor and Senator. Also as with the prior H1b tests, the amount of followers appears to have a 
much stronger relationship to election outcomes. A significantly large effect exists for both Representative 
candidates (.56) as well as Senator and Gubernatorial candidates (.63). The significance testing for 
between group differences indicates a significant and large difference between the amounts of gained 
followers for winners versus losers. Given that one of the four tests failed to find significant differences, 
this partially supports H1c. 
Variable Representatives Governors & Senators 
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Mean Rank Score χ2 p > χ2 Mean Rank Score χ2 p > χ2 
H
2
a
 
Candidate 
Status 
Updates 
Elected 407.677 0.8444 .3581 Elected 84.2759 .1255 .7231 
Not 
Elected 
392.647 Not 
Elected 
81.5283 
H
2
b
 Constituent 
Mentions 
Candidate 
Elected 571.394 354.0376 <.0001 Elected 111.712 27.0149 <.0001 
Not 
Elected 
257.837 Not 
Elected 
70.673 
Table 5 - Wilcoxon-Mann Whitney Results (H2a, H2b) 
Unfortunately, as shown in Table 5 there is no empirical support for H2a. Although there was a significant 
albeit small relationship (.19) between outbound messages and the percentage of votes acquired by 
candidates for Senator and Governor, there was no associated significant difference indicated between 
winners and losers for either race category. H2b, on the other hand, is supported by our findings 
beginning with the large and significant correlation effects for Representatives (.61) and Senators and 
Governors (.63). The Wilcoxon-Mann Whitney tests also support H2b as for each race category there are 
significant differences between the number of messages authored by constituents and directed at the 
candidates and the final election outcome. Although the apparent volume disparity between winners and 
losers indicates that this is metric would be of greater concern when campaigning for Representative. 
Variable Representatives Governors & Senators 
Mean Rank Score χ2 p > χ2 Mean Rank Score χ2 p > χ2 
H
3
a
 
Candidate 
Mentions 
SN 
Member 
Elected 476.086 46.5353 <.0001 Elected 92.1186 1.9202 .1658 
Not 
Elected 
362.372 Not 
Elected 
81.1818 
H
3
b
 
Candidate 
Friends 
Q1 265.074 117.6098 <.0001 Q1 52.049 35.7530 <.0001 
Q2 392.464 Q2 77.451 
Q3 451.762 Q3 86.402 
Q4 503.104 Q4 114.098 
Candidate 
Followers 
Q1 297.950 57.7960 <.0001 Q1 47.768 33.0303 <.0001 
Q2 414.476 Q2 86.744 
Q3 451.349 Q3 89.756 
Q4 447.905 Q4 105.732 
Table 6 - Wilcoxon-Mann Whitney Results (H3a, H3b) 
The results of the testing for H3a present another interesting difference between the race categories. A 
small but significant effect is indicated in the relationships between the number of times a candidate 
directly mentions one of their social network members and the outcomes of the election for both 
Representative (.22) and for Senator and Governor (.20). However the between group testing for winners 
and losers indicates a significant difference for Representative campaigns but not for the campaigns for 
Governors and Senators. This partially supports our contentions expressed in H3a.  
H3b is somewhat different in that we have more than a single dichotomous categorization. We arrived at 
the four groups by grouping the number of status updates based upon their quartiles so as to arrive at 
relatively equivalent group sizes. The Wilcoxon-Mann Whitney results shown in Table 6 support the 
hypothesis of H3b whereby the amount of status messages posted by candidates significantly impacts 
upon the number of friends and followers for all race categories in at least one of the bins. Post-hoc testing 
is presented in Table 7 to ascertain which specific quartiles are differentiable from the others. 
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Variable Representatives Governors & Senators 
Score 
Mean 
Difference 
p-value LCL UCL Score 
Mean 
Difference 
p-value LCL UCL 
C
a
n
d
id
a
te
 F
ri
en
d
s 
Q1 – Q2 66.7907 <.0001 119 420 12.21951 .0928 -463 512 
Q1 – Q3 94.6944 <.0001 322 652 20.41463 .0006 141 857 
Q1 – Q4 114.6508 <.0001 561 1022 28.19512 <.0001 593 2543 
Q2 – Q3 30.6066 .0410 4 372 4.04878 .8681 -463 512 
Q2 – Q4 57.1388 <.0001 193 689 18.24390 .0029 222 1931 
Q3 – Q4 28.8551 .0587 -5 495 16.68293 .0083 139 1910 
C
a
n
d
id
a
te
 F
o
ll
o
w
er
s 
Q1 – Q2 58.4713 <.0001 236 2302 20.21951 .0007 536 6919 
Q1 – Q3 74.7739 <.0001 588 2786 22.48780 .0001 1296 6218 
Q1 – Q4 76.7747 <.0001 677 2265 26.68293 <.0001 2290 20836 
Q2 – Q3 16.1105 .3781 -219 1236 1.56098 .9909 -4326 3314 
Q2 – Q4 18.5376 .5111 -350 981 10.14634 .2158 -962 15686 
Q3 – Q4 -2.5056 .9964 -975 641 9.56098 .2649 -994 17045 
Table 7 – Steel-Dwass Post-hoc Group Comparisons (H3b) 
We use Steel-Dwass (Steel, 1960; Dwass, 1960) for the post-hoc comparisons and rankings as it controls 
for the overall alpha level associated with the multiple comparisons, it is analogous to the parametric 
Tukey post-hoc method for between group comparisons. Although the data does not contain significant 
differences between all of the quartiles, in nearly all cases the lowest quartile for the amount of status 
messages does result in a significantly lower amount of both friends and followers in the candidate’s social 
network. This provides partial support for H3b, although as the data reveals this is not a panacea. Simply 
posting more and more status updates appears to fall prey to diminishing returns although the threshold 
differs depending upon which office the candidate is campaigning for. 
Conclusions 
The intent of this research has been to inductively assess the characteristics of successful social media 
usage based upon objective measures of successful outcomes. We do not intend to imply or infer any 
causal relationship at this point in time regarding social media usage and election outcomes. Instead, this 
pause to establish the empirical and conceptual credibility of the individual metrics is in keeping with the 
concept of sensemaking (Weick, 1979; 1995) in the context of big data sets as discussed by Hill, Datta and 
Acar (2015) with the intent being to avoid falling prey to spurious correlations. Although many of these 
relationships are straightforward and some may even seem tautological, an empirical validation is 
necessary so as to establish that differences are present when compared against objective outcomes. 
Indeed, our results indicate several surprising characteristics of social media usage. First, that a positive 
relationship exists between lost friends and increased votes. Second, we identify an apparent plateau 
beyond the first quartile of status updates above which diminishing returns minimizes the effects of 
additional messages. Additionally, these results indicate that the effect of status messages upon an 
election may be partially mediated by the social network size and this effect is even stronger depending 
upon which office a candidate is running for. Establishing these relationships provides a path for follow-
on research to extend beyond these relationships to derive, for example, performance indices. 
This research assists campaign managers and communication coordinators regarding social media 
utilization decisions by detailing the effects upon election outcomes of multiple social media foci such as 
network building or message dissemination.  As campaigning online increases in importance, this 
research serves to guide such strategic decision making. An extension upon these results could be to 
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utilize an exploratory technique such as a neural network or stepwise regression techniques so as to 
ascertain an understanding of the relative importance of the various metrics that we have identified in 
comparison to each other. However, this would result in a set of weights overly specific to this single 
election. Elections often have overarching trends associated with them, for example 1994, 2010 and even 
this most recent 2014 election cycle where one party dominated the results. Therefore, many replications 
are necessary before a set of weights, generalizable across election cycles, can be acquired and used for 
predictive purposes.  
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Appendix A 
Variable (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) 
(1) Votes / 
Population 
 .67** .22** .62** .21** -.08 .16 .61** .60** .15 
(2) Constituent 
Mentions 
Candidate 
.61**  .48** .81** .62** .18* .27** .90** .81** .52** 
(3) Candidate 
Friends 
.33** .52**  .64** .46** .49** .61** .55** .53** .44** 
(4) Candidate 
Followers 
.60** .80** .72**  .48** .14 .33** .90** .96** .37** 
(5) Candidate 
Status Updates 
.06 .35** .43** .32**  .42** .28** .54** .47** .84** 
(6) Gained 
Friends  
-.14** .05 .32** .01 .40**  .46** .28** .11 .38** 
(7) Lost Friends 
  
.07 .06 .55** .18** .22** .37**  .35** .34** .23* 
(8) Gained 
Followers  
.55** .84** .65** .89** .44** .25** .25**  .85** .49** 
(9) Lost 
Followers 
.54** .74** .61** .95** .27** .02 .25** .84**  .41** 
(10) Candidate 
Mentions SN 
Member 
.03 .32** .38** .27** .75** .40** .21** .41** .28**  
Table 8 - Pairwise Correlations (* p < 0.05, ** p < 0.01) 
Representatives below the diagonal / Senators & Governors above the diagonal 
In the above Table 8, all variables except the votes/population ratio have been transformed via 
logarithmic (base 10) transformation. This transformation greatly enhances the normality of the 
distributions. The full correlation table for these transformed variables is simply provided for comparative 
purposes so as to support the findings of the non-parametric methods used throughout this research. The 
actual differences between these correlation methods are small in that there are only nine differences 
between statistically significant relationships. Although there are twenty effect size changes, again 
referring to Cohen’s standard (Cohen, 1992), all of them are only a single category change with many of 
these changes simply due to their being borderline cases with the different technique reporting the metric 
on opposite sides of the boundary. 
Appendix B 
State Secretary of State Website 
Alabama http://www.alabamavotes.gov/ElectionInfo/ElectionInfo2014.aspx?a=voters 
Alaska https://www.elections.alaska.gov/ei_return_2014_GENR.php 
Arizona http://apps.azsos.gov/election/2014/General/Canvass2014GE.pdf 
Arkansas http://results.enr.clarityelections.com/AR/53237/149792/Web01/en/summary.html 
California http://elections.cdn.sos.ca.gov/sov/2014-general/pdf/2014-complete-sov.pdf 
Colorado http://results.enr.clarityelections.com/CO/53335/149718/Web01/en/summary.html 
Connecticut http://www.sots.ct.gov/sots/lib/sots/electionservices/electionresults/sov/2014/2014_sov.pdf 
Florida http://election.dos.state.fl.us/elections/resultsarchive/downloadresults.asp?ElectionDate=11/4/
2014&DATAMODE= 
Georgia http://results.enr.clarityelections.com/GA/54042/149045/en/summary.html 
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Hawaii http://hawaii.gov/elections/results/2014/general/ 
Idaho http://www.sos.idaho.gov/elect/results/2014/General/ENR/statewide_total.html 
Illinois http://www.elections.state.il.us/ElectionResults.aspx?ID=43 
Indiana http://www.in.gov/apps/sos/election/general/general2014 
Iowa http://sos.iowa.gov/elections/results/#13 
Kansas http://www.kssos.org/elections/14elec/2014%20General%20Election%20Official%20Results.pdf 
Kentucky http://elect.ky.gov/SiteCollectionDocuments/Election%20Results/2010-
2019/2014/2014%20General%20Election%20Results.pdf 
Louisiana http://staticresults.sos.la.gov/11042014/default.html 
Maine http://www.maine.gov/sos/cec/elec/results/results14-15.html 
Maryland http://www.elections.state.md.us/elections/2014/results/general/index.html 
Massachusetts http://www.sec.state.ma.us/ele/elepdf/rov14.pdf 
Michigan http://miboecfr.nictusa.com/election/results/14GEN/ 
Minnesota http://electionresults.sos.state.mn.us/ 
Mississippi http://www.sos.ms.gov/Elections-Voting/Pages/2014-General-Elections.aspx 
Missouri http://enrarchives.sos.mo.gov/enrnet/ 
Montana http://electionresults.sos.mt.gov/ 
Nebraska http://electionresults.sos.ne.gov/ 
Nevada http://www.silverstateelection.com/ 
New Jersey http://www.state.nj.us/state/elections/election-information-archive-2014.html#ge 
New Mexico http://electionresults.sos.state.nm.us/ 
New York http://www.elections.ny.gov/2014ElectionResults.html 
North 
Carolina 
http://enr.ncsbe.gov/ElectionResults/?election_dt=11/04/2014 
North Dakota http://results.sos.nd.gov/resultsSW.aspx?text=Race&type=SW 
Ohio http://www.sos.state.oh.us/SOS/elections/Research/electResultsMain/2014Results.aspx 
Oklahoma http://www.ok.gov/elections/support/20141104_seb.html 
Oregon http://www.oregonvotes.gov/pages/history/archive/nov42014/g2014results.html 
Pennsylvania http://www.electionreturns.state.pa.us/Default.aspx?EID=41&ESTID=2&CID=0&OID=0&CDID
=0&PID=0&DISTID=0&IsSpecial=0 
Rhode Island http://www.ri.gov/election/results/2014/general_election/ 
South 
Carolina 
http://www.enr-scvotes.org/SC/53424/149816/en/summary.html 
South Dakota http://electionresults.sd.gov/resultsSW.aspx?type=SWR&map=CTY 
Tennessee http://state.tn.us/sos/election/results/20141104_PrecinctTotals_01.pdf 
Texas http://elections.sos.state.tx.us/elchist175_state.htm 
Utah http://elections.utah.gov/Media/Default/2014%20Election/2014%20Final%20General%20Canv
ass%20Report.xlsx 
Vermont https://www.sec.state.vt.us/media/625908/2014GE-State-Canvass.pdf 
Virginia http://elections.virginia.gov/index.php/resultsreports/election-results/2014-election-
results/2014-nov-general/11042014_final.html 
Washington http://results.vote.wa.gov/results/20141104/ 
West Virginia https://apps.sos.wv.gov/elections/results/results.aspx?year=2014&eid=21&county=Statewide 
Wisconsin http://www.gab.wi.gov/sites/default/files/11.4.14%20Summary%20Results-all%20offices.pdf 
Wyoming http://soswy.state.wy.us/Elections/Docs/2014/Results/General/2014_Statewide_Candidates_S
ummary.pdf 
Table 9 - Websites for Candidate Listings and General Election Results 
